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While social tagging can benefit Internet users managing their resources, it suffers the problems such 
as diverse and/or unchecked vocabulary and unwillingness to tag. Use of freely new tags and/or reuse 
of frequent tags have degraded coherence of corresponding resources of each tag that further frustrates 
people in retrieving information due to cognitive dissonance. Tag recommender systems can 
recommend users the most relevant tags to the resource they intend to annotate, and drastically transfer 
the tagging process from generation to recognition to reduce user’s cognitive effort and time. Prior 
research on tag recommendation has addressed the time-dependence issues of tags by applying a time 
decaying measure to determine the recurrence probability of a tag according to its recency instead of 
its usage pattern. In response, this study intends to propose the temporal usage pattern-based tag 
recommendation technique to consider the usage patterns and temporal characteristic of tags for 
making recommendations. 
Keywords: Tag Recommender Systems, Personalized Tag Recommendation, Tagging Systems, 
Temporal Usage Patterns 
 
Introduction 
Flourishing WEB services that allow people to interact and/or collaborate with each other have 
facilitated the information creation and sharing; however, people have in turn got overwhelmed by the 
sheer volumes of user-generated contents (Lee and Lee 2004). To relieve information overload suffered 
by Internet users, some WEB service providers, like social bookmarking websites, developed tagging 
mechanism which enables users to properly organize resources on the Internet (e.g., websites, articles, 
photos, videos, music, and etc.) by giving annotations to them (Benz et al. 2010). For example, 
Bibsonomy enables individuals to bookmark any URLs on the World Wide Web and to retrieve URLs 
via their annotated tags afterward. Users on such websites can freely annotate resources with keywords 
they prefer, which in turn becomes the keys to retrieving their bookmarking resources in the future 
(Krestel and Fankhauser 2012). 
Tagging allows users to easily organize and share resources online (Yu et al. 2017; Zoller et al. 2017) 
and benefits them managing and later retrieving their resources. From another perspective, use of tags 
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allows resources to be categorized in the way the users prefer to and therefore are considered as a 
substitute for taxonomies. The tags used by an individual user represent his or her personal preference 
that might improve the effectiveness of personalized services, like personalized recommender systems 
(De Caro et al. 2016) or personalized search (Helic et al. 2011; Trattner et al. 2012) if properly utilized 
(Yang and Chen 2014; Zhang et al. 2012a). Though users’ resource tags could be useful to enhance 
personalized services, the tagging systems usually encountered problems such as the wide use of diverse 
and/or unchecked vocabularies and the users’ unwillingness to assign tags (Bischoff et al. 2008; Hu et 
al. 2012; Marinho et al. 2011). Prior study suggested that people are used to annotating resources with 
the frequent, recent, and semantic context-relevant tags (Kowald and Lex 2016), which may attribute 
to forgetfulness (Ebbinghaus 1885) and bounded rationality (Simon 1997). However, similar type of 
resources would receive different tags and different types of resources would be assigned the identical 
tag. Both of which would frustrate users in retrieving resources due to the cognitive dissonance. 
To address the tagging problem, an array of studies has shifted focus on tag recommender systems to 
assist users in tagging resources and converge the tags annotated. Different to traditional recommender 
systems, tag recommender systems target to identify a set of tags that are considered relevant to a 
resource (e.g., documents, music, movie, website, and etc.) by the focal user. Tag recommendation may 
drastically transfer the tagging process from generation to recognition which reduces user’s cognitive 
effort and time (Sood et al. 2007). It thus can increase the chances of getting a resource annotated; 
remind users what a resource about; and consolidate the vocabularies used across the users (Kowald et 
al. 2015; Marinho et al. 2011). Some bookmarking websites such as Del.icio.us, BibSonomy, and 
Last.fm have provided tag recommendation service, which implies the needs in real-world situation. 
Prior research has proposed a pipe of recommendation approaches which could be thoroughly divided 
into four categories, including collaborative filtering, content-based, graph-based, and hybrid 
approaches (Yu et al. 2017; Zhang et al. 2012a; Zoller et al. 2017). Though the proposed tag 
recommendation approaches have shown their effectiveness in making tag recommendations, seldom 
studies consider the temporal characteristics of tags and their usage patterns. In fact, the tags that people 
use to annotate resources might change or evolve over time. As mentioned, memory retention declines 
sharply in a short period of time without frequent reviews. As a result, tags that receives less notices 
will be left behind and that people use to annotate resources recently and frequently may get more 
chances of reuse. Prior research addressed the time-dependence issues of tags by applying a time 
decaying measure to determine the recurrence probability of a tag according to its recency. For example, 
Trattner et al. (2016) proposed the Base-Level Learning (BLL) to score a tag based on the time that has 
passed since its last used (Trattner et al. 2016). Though the experimental results suggest its 
outperformance over most-popularity-based approaches, such approaches may have the tendency 
toward recommending recently used or newly tags. However, the time-decaying-based approach tends 
to recommend newly tags and to some degree, diversify user’s tagging. 
To address the research gaps existing in tag recommender systems, this study intends to improve the 
tag recommendation approaches by incorporating the temporal characteristics of tags into the tag 
assessment. Rationally, a tag should be considered as important if it was used to annotate resources 
frequently and continuously regardless of its temporal distance to present. As a result, this study will 
propose a temporal usage pattern-based (TUP) tag recommendation technique to support the 
personalized tag recommendation. Specifically, our study will develop a measure to evaluate the 
importance of a tag by assessing its temporal closeness and temporal distance in the sequence of 
annotated resources. The remainder of this article is organized as follows: In Section 2, we review 
previous research on tag recommendations and discuss the research gaps to be address, followed by the 
overall process of the proposed TUP technique in Section 3. Finally, we describe our expected results 
and contributions in Section 4. 
Related Works 
In this section, we briefly review the tag recommendation approaches and discuss the research gaps 
addressed in this study. Tagging allows users to easily organize and share resources online (Yu et al. 
2017; Zoller et al. 2017). Tagging can benefit Internet users managing and retrieving their resources; 
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on the other hand, the tags used by a user represent his or her personal preference that might improve 
the effectiveness of personalized services, like personalized recommender systems (De Caro et al. 2016) 
or personalized search (Helic et al. 2011; Trattner et al. 2012) if properly utilized (Yang and Chen 2014; 
Zhang et al. 2012a). In this line, use of tags allows resources to be categorized in the way the users 
prefer to and therefore are considered as a substitute for taxonomies. Though users’ resource tags could 
be useful to enhance personalized services, the tagging systems usually encountered problems such as 
the wide use of diverse and/or unchecked vocabularies and the users’ unwillingness to tag (Bischoff et 
al. 2008; Hu et al. 2012; Marinho et al. 2011). Prior study suggested that people are used to annotating 
resources with the frequent, recent, and semantic context-relevant tags (Kowald and Lex 2016), which 
may attribute to forgetfulness and bounded rationality. Ebbinghaus (1885) hypothesized the memory 
retention declines over time. He proposed the forgetting curve to demonstrate that the information loss 
is about 70% for people who received information two days ago but had no attempt on retention. The 
information loss can be mitigated by constant recall, but continued without frequent review (García et 
al. 2007). However, the bounded rationality may hinder people from recalling the tags they have used 
(Simon 1997). As a result, similar type of resources would receive different tags and different types of 
resources would be assigned the identical tag. Both of which might frustrate users in retrieving resources 
due to the cognitive dissonance. 
To address the tagging problem, an array of studies has shifted focus on tag recommender systems to 
assist users in tagging resources and converge the tags annotated (De Caro et al. 2016; Gueye et al. 
2013; Gueye et al. 2014; Hmimida and Kanawati 2016; Hu et al. 2012; Kowald et al. 2015; Krestel and 
Fankhauser 2012; Liu et al. 2011; Lu et al. 2011; Ma et al. 2015; Seitlinger et al. 2013; Symeonidis et 
al. 2008; Trattner et al. 2016; Wang et al. 2013; Yu et al. 2017; Zhang et al. 2012a; Zoller et al. 2017). 
Tag recommender is one kind of recommender systems. Instead of recommending objects such as books, 
music, or movies, the purpose of tag recommender is to suggest appropriate tags to users who are 
annotating objects in the social media; especially social bookmarking and media sharing websites like 
CiteULike, and YouTube. Different to traditional recommender systems, tag recommender systems 
target to identify a set of tags that are considered relevant to a resource (e.g., documents, music, movie, 
website, and etc.) by the focal user. Specifically, given a user u and a resource r, the task of traditional 
recommender systems is to predict preference(u, r) whether or how user u will like a resource r; while 
that of tag recommender systems is to predict a set of relevant tags(u, r) that user u will annotate a 
resource r (Marinho et al. 2011). The output of preference(u, r) can be either a binary decision or a 
preference score; while tags(u, r) usually returns a (ordered) subset of preferred tags. Tag 
recommendation may drastically transfer the tagging process from generation to recognition which 
reduces user’s cognitive effort and time (Sood et al. 2007). It thus can increase the chances of getting a 
resource annotated; remind users what a resource about; consolidate the vocabularies used across the 
users (Kowald et al. 2015; Marinho et al. 2011). 
Prior research on tag recommender systems has proposed a pipe of recommendation approaches which 
could be thoroughly divided into four categories, including collaborative filtering (CF), content-based, 
graph-based (or ranking-based), and hybrid approaches (Marinho et al. 2011; Yu et al. 2017; Zhang et 
al. 2012a; Zoller et al. 2017). Research followed CF methods considers neighbor users’ usage behaviors 
or tag preferences to develop tag recommendation approaches (Liu et al. 2011; Lu et al. 2011; Ma et al. 
2015; Wang et al. 2013). Usually, the ternary relationships among users, resources, and tags need to be 
reduced to multiple binary ones before the traditional CF methods could be applied to tag 
recommendations. For example, some research followed the user-based CF methods to develop tag 
recommendation approaches. Specifically, it identifies the users who have used similar tags or have 
annotated similar resources to the targeted user and then suggest the tags used by the users or by the 
resources to the annotating resource (Marinho and Schmidt-Thieme 2008). However, some research 
tried to identify the resources that share similar content with the focal resource and recommended the 
top-ranked tags used by the similar resources to the user (Gilad Mishne 2006; Sood et al. 2007). 
On the other hand, the content-based approaches analyze the content of resources to make tag 
recommendations. Some intended to construct a classification model based the contents of resources 
(that share similar features with the focal resource) to make recommendation decisions; while others 
tried to analyze the relationship between tags and their annotated resources of the focal user and 
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accordingly recommend tags for a new resource (Feng and Wang 2012; Kowald et al. 2015; Krestel and 
Fankhauser 2012; Seitlinger et al. 2013; Wu et al. 2016; Zhang et al. 2012b). For example, Kowald et 
al. (2015) estimated a tag’s reuse probability based on the theory of human memory, implemented as a 
function of usage frequency and recency of the tag in the focal user’s past. The probability function is 
further refined by considering the semantic context of tagging situation; Seitlinger et al. (2013) used 
the semantic features of a user-specific resource and its associated tags to train a simple three-layers 
connectionist model; Chen and Shin (2013) proposed several textual features and social features for 
each tag used by a focal user as the basis to construct a classifier to predict the tags for that he or she 
will prefer to annotate the new resource; Heymann et al. (2008) considered tag recommendation as a 
multi-label classification problem that targets on classifying one object into more than one categories. 
However, Yu et al. (2017) analyze the probability distribution of tags attached to the resources of a focal 
user to determine his/her tagging status and based on which to make tag recommendations. 
The graph-based (or ranking-based) approaches, inspired from the Web ranking, aim to make tag 
recommendations by analyzing the constructed graph, where vertices represent users, resources, and 
tags, and edges show the relationships among them (Cai et al. 2016; Gueye et al. 2013; Ramezani 2011; 
Rawashdeh et al. 2013). For example, Hmimida and Kanawati (2016) proposed a graph-coarsening 
approach, which employed a community detection algorithm to coarsen the hypergraph of 
folksonomy to shorten the time cost of graph-based tag recommenders; Gueye et al. (2013) proposed 
STRec, which applied bounded search to find good neighbors and made network-aware 
recommendations based on proximity measures. Some studies focused on the ranking score derived 
from the spectral attributes extracted from the underlying folksonomy data structure (i.e., the 3-way 
relationship among users, resources, tags); for example, Hotho et al. (2006) proposed FolkRank 
algorithm and the notion behind which is that a resource becomes important itself if it is tagged by 
important tags from important users and the same situation holds for tags and users. Finally, the hybrid 
approaches generally combine two or more methods or algorithms to make tag recommendations; for 
example, Kim and Kim (2014) integrated association rules, bigram, tag expansion, and implicit trust 
relationships to make tag and item recommendations; Gueye et al. (2014) proposed FasTag algorithm 
that assumes users are organized in a weighted graph and evaluate the relevance of tags based their 
popularity and opinions of neighbor users. 
Overall, the literature reviewed suggests that prior studies have developed numbers of tag 
recommendation approaches and most of them focused on analyzing and/or discovering the 
relationships between users, resources, and tags. Some studies have noticed the time-dependence of 
user tagging (Kowald and Lex 2016); that is, outdated tags should be weighted less for recommendation. 
For example, Iofciu and Demartini (2009) proposed a time decaying function to degrade the scores of 
tags; Trattner et al. (2016) did the similar works by proposing a Base-Level Learning (BLL) equation 
to lower the importance of a tag by its temporal distance to present; Zhang et al. (2012a) considered the 
temporal distance between the first-time and last-time usage of tags into the designed relevance measure. 
To the best of our knowledge, most approaches considered either the first-time usage or the last-time 
usage of a tag, the complete usage patterns of tags seem not to be modeled. Rationally, a tag should be 
weighted more if it was used frequently and continuously for a time because such tag might be an 
important notion or concrete concept to the focal user during that period. Thus, our study will intend to 
propose temporal usage-pattern-based tag recommendation technique in response to these issues. 
Design of Temporal Usage Pattern-Based Tag Recommendation Technique 
In response, this study follows the content-based method and develops a temporal usage pattern-based 
(TUP) tag recommendation technique, in which we intend to formulate user’s tag usage pattern to score 
the tag candidates. Besides, we also consider the temporal characteristics of tags by incorporating it into 
the scoring function for tag ranking. 
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Figure 1: Overall Process of Temporal Usage Pattern-Based Tag Recommendation Technique 
As shown in Figure 1, the overall process of the TUP comprises three phases, including preprocessing, 
tag ranking, and tag recommendation. The TUP technique takes as inputs a focal user’s resource profile 
(i.e., annotated resources, tags, and their timestamps) and the resources to be annotated and produces a 
list of tag candidates. Each tag candidate’s usage pattern and temporal characteristic will be taken into 
consideration collectively to weight its importance at the phase of tag ranking. Finally, the 
recommendations will be made at the phase of tag recommendation. In the following, we describe the 
preliminary design of each phase in the TUP technique.  
Preprocessing 
The main purpose of preprocessing phase is to form the list of tag candidates to be recommended from 
those tags that have been used to annotate resources by the focal user. Before identifying tag candidates, 
the TUP technique preprocesses the resource contents, i.e., to extract from the resource documents a set 
of representative features (i.e., nouns and noun phrases) that will be used for representing the resources 
themselves. In the following, the annotated resources that are similar with the resource to be annotated 
are identified and taken their annotations as the tag candidates. To measure the similarity between two 
resources, we adopted Cosine similarity defined as sim(ra, rb) = 
wa.wb
 ||wa||.||wb||
, where wa and wb are the 
feature vectors of resource ra and rb respectively. Finally, a list of tag candidates was formed, in which 
each tag candidate would be assessed in the next phase.  
Tag Ranking 
The tag ranking phase is to weight the importance of each tag candidate. In this study, we intend to 
develop a measure to assess the appropriateness of each tag candidate. Our developed measure considers 
the frequency, the usage pattern, and the temporal distance of each tag candidate collectively. As 
mentioned, prior research has suggested the influence of frequency and recency to the reuse of tags 
(Kowald and Lex 2016). However, we also consider a tag as important if it appeared frequently and 
continuously for a period. Assume a sequence of resources R annotated by the focal user, ordered by 
their annotated time, we propose a temporal density function that consider both frequency and usage 
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where R(ti) is the number of tag ti appearing in R, and xj is the order of the resource that tag ti is 
annotated for the j-th times in R. 
For example, assume that the sequence R consisted of 10 resources. Suppose ti appears in r1, r4, and r7 
















  = 1. Furthermore, let 
another tag tk occurs consecutively in r1, r2, and r3 in R. In this case, Density(tk) = 
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On the other hand, we also propose a temporal distance function that consider the recency of a tag 







where xp is the total number of resources in R, xl is the order of the latest resource that tag ti is 
annotated in R, and xf is the order of the first resource that tag ti is annotated in R. 











 = 0.459. We finally evaluate the weight of a tag 
candidate by the product of the temporal density and the temporal distance. Thus, we can derive the 
weight of tag ti as 1x0.716=0.716 and tag th as 1.585*0.459=0.727. It shows that the tag th shall get 
higher rank than tag ti in this case. 
Tag Recommendation 
The final phase of the TUP technique is to sort the list of tag candidates according to their attained 
scores and make tag recommendations. 
Expected Results and Contributions 
We will perform the comparative evaluation on the proposed TUP technique, using tag recommender 
developed by prior studies that also addressed the issues of temporal characteristic of tags, as 
performance benchmarks. We first collect the experimental dataset before carrying out the empirical 
evaluation. The underlying assumption of our study is to make tag recommendations on the basis of 
users’ tagging histories; therefore, real and complete tagging history of users are required for our 
evaluation. We accordingly collect the experimental datasets from the social bookmarking websites, 
such as Del.icio.us, BibSonomy, CiteULike, and Last.fm, for the real-world datasets. In this study, we 
may adopt the leave-one-out cross validation to evaluate our proposed techniques and the benchmarks. 
We take the tags annotated to the latest resource in the focal user’s profile as testing set and the 
remaining annotated resources and their corresponding tags as training set. we repeat the experiment 
for every user in the dataset to cross validate the experimental results. Finally, this study will adopt 
prediction accuracy, precision, and recall as the evaluation metrics. Overall, this study addresses an 
important research issue, i.e., personalized tag recommendations. Though existing tag recommendation 
techniques considered temporal characteristics of tags, they ignore their usage patterns. We attempt to 
fill these gaps by proposing a temporal usage pattern-based tag recommendation technique, which 
considers the temporal distance and usage pattern of used tags when making recommendations. The 
TUP technique is expected to support Internet users to well-organized their resources by recommending 
appropriate tags to facilitate organizing and accessing users’ annotated resources in the future. The 
effective management of resources will in turn benefit the other application research, such as 
information retrieval, document clustering, text classification. 
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